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Abstract

Background: Multi-drug resistant Bacterial (MDRB) Infections in the intensive care
units (ICUs) substantially elevate patient mortality, prolong hospital stays, and impose
heavy healthcare cost burdens. Existing predictive models for ICU-acquired MDRB
infection predominantly focus on static admission-risk assessment, lacking the capacity
to leverage longitudinal treatment data for dynamic risk re-stratification during the ICU
stay. Meanwhile, most models suffer from poor clinical interpretability, overreliance on
hard-to-collect biomarkers, or absence of deployable clinical tools, limiting real-world
translation. Therefore, there is an urgent need to develop a parsimonious, interpretable
tool based on routine cumulative data to guide timely intervention. This study aimed to
develop a interpretable model with a web calculator to improve clinical applicability.

Methods: In this study, we conducted a retrospective analysis of ICU inpatients at the
First Affiliated Hospital of Dali University between January 1, 2023, and January 1,
2026. Using the create Data Partition function in R software (random seed = 42), the
dataset was stratified and divided into a training group and a validation group in a 7:3
ratio. Feature selection was performed using the Boruta algorithm to validate variable
rationality. A multivariable logistic regression model was constructed and visualized as
a nomogram, and its performance was compared with six machine learning algorithms
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using receiver operating characteristic curves (ROC), Decision Curve Analysis (DCA),
and SHAP value interpretation. Finally, an online R Shiny calculator was developed
based on the final model.

Results: A total of 3,631 patients were enrolled and divided into a training group
(n=2,543) and a validation group (n=1,088) using stratified random sampling. Five
independent predictors were identified in the training group, which were hypertension
combined with diabetes, antibiotic types, ventilator days, urinary catheter days, and PCT
abnormality times. The Logistic regression model achieved an AUC of 0.772 (95%CI:
0.733-0.812) in the validation group, outperforming XG Boost (0.763) and Random
Forest (0.703). The model demonstrated excellent calibration (Hosmer-Leme show ¥ =
1.94, P = 0.9829) and positive net clinical benefit across threshold probabilities of 0%—
40%. SHAP analysis aligned with regression-derived variable importance rankings,
confirming predictor contributions. An open-access online calculator was successfully
deployed (https://dongfangshao666.shinyapps.io/MDR _shiny2/), enabling real-time
individualized risk stratification at the bedside.

Conclusion: This study developed and validated a dynamic, interpretable multi-drug-
resistant bacterial infection risk prediction model requiring only five routinely collected
clinical indicators. The model balances robust predictive performance with high
transparency, overcoming key limitations of prior tools. The accompanying web
calculator supports dynamic risk reassessment throughout the ICU stay, facilitating
precise antimicrobial stewardship, targeted infection control interventions, and
optimized resource allocation, bridging the gap between statistical modeling and
frontline clinical decision-making.

Introduction

Multidrug-resistant bacterial (MDRB) infection has become a major global public
health challenge, especially in the intensive care unit (ICU) setting, where they are a
major concern due to the increased mortality rate, prolonged hospital stay, sharp increase
in medical costs and excessive consumption of medical resources it causes [1,2].

Some studies found that patients with hospital-acquired MDRB infections in the ICU
had an average 13% longer ICU stay and an average 26% higher total hospitalization
cost compared to patients with infections caused by non-multidrug-resistant bacteria. [3].
Therefore, early and accurate identification of high-risk patients with MDR infection is
crucial for guiding the rational use of empirical antibacterial drugs, timely
implementation of contact isolation, and optimization of infection control strategies [4,5].

Although several predictive models for multidrug-resistant infections in ICU patients
have been reported in the past, existing studies often have limitations. Some models rely
excessively on complex machine learning algorithms such as random forests and deep
learning; while their predictive performance is acceptable, they lack clinical
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interpretability and struggle to reveal the underlying associations between variables and
outcomes, hindering clinicians’ trust and adoption [6]. Other models include an
excessive number of variables or rely on biochemical indicators that are difficult to
obtain, making them hard to apply quickly in the fast-paced clinical setting [7,8].
Furthermore, the vast majority of models remain at the stage of statistical charts, lacking
accompanying visual interactive tools or online calculators, which greatly limits the
translation and application of predictive models in clinical practice [9,10].

This study aims to construct a variable-reduced, highly interpretable MDR infection
risk prediction model based on real-world data from the First Affiliated Hospital of Dali
University. We achieve this by performing objective feature selection using the Boruta
algorithm, combining it with classical logistic regression, and comparing its
performance against Random Forest (RF) and XG Boost algorithms. More importantly,
we will further transform this model into an interactive online calculator based on the R
Shiny framework, with the goal of bridging the gap between statistical modeling and
bedside clinical decision support.

Material and methods

Study design and ethical approval

This retrospective study was conducted in the 54-bed ICU of a 2500-bed tertiary
general hospital in Dali, China, covering the period from January 2023 to January 2026.
A total of 3631 patients were screened, and the final analysis focused on those who
developed multidrug-resistant bacterial infections during ICU stay. To ensure the
robustness of the model development, we employed the create Data Partition function in
R with a fixed random seed (seed=42) to perform stratified random sampling, dividing
the dataset into a training group (70%, n=2543) and a validation group (30%, n=1088)
while maintaining a consistent MDR positivity rate in both cohorts. Internal validation
was conducted using 5-fold cross-validation and Bootstrap resampling (1000 iterations)
to assess model stability and optimism. Moreover, to evaluate the performance of the
logistic regression model, we conducted a comparative analysis against six state-of-the-
art machine learning classifiers (Neural Network, XG Boost, Naive Bayes, Decision
Tree, Random Forest, and Support Vector Machine), all trained and validated under
identical data partitioning conditions.

This study was approved by the Ethics Committee of the First Affiliated Hospital of
Dali University (Approval No. DFY20260429003) and the Khon Kaen University Ethics
Committee for Human Research (Approval No. HE692040).

Study population and outcome definition

Multidrug-resistant infections were defined as non-susceptibility to at least one agent
in three or more antimicrobial categories [11]. The study population comprised of all
adult patients admitted to the ICU during the study period. Patients were excluded if they
met any of the following criteria: (i) length of hospital stay <48 hours; (i1) known
immunodeficiency; or (iii) confirmed bacterial colonization at admission. To prevent
data duplication, only the first isolation of a specific bacterial strain from a single
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specimen type per patient was included in the analysis.

The primary outcome was the occurrence of an MDR infection during the ICU stay,
confirmed by the isolation of pathogens resistant to three or more antimicrobial classes
from clinical specimens. To enhance clinical interpretability and facilitate bedside
application, continuous variables were transformed into categorical variables. For
instance, the number of antibiotic types administered was categorized as <1, 2, 3, or >3;
durations of mechanical ventilation and urinary catheterization were dichotomized or
trichotomized using a 14-day cutoff.

Data collection and candidate variables

Clinical data were extracted from the electronic medical record system, covering 19
candidate variables across four domains: demographics, comorbidities, hospitalization
indicators, and infection-related interventions. Laboratory and medication data were
recorded according to standard clinical protocols.

Statistical analysis and model development

Patients with missing data in key variables were excluded from the analysis.
Continuous variables were assessed for normality using the Shapiro—Wilk test; non-
normally distributed variables were presented as median (interquartile range, IQR) and
compared using the Mann—Whitney Utest, while categorical variables were presented as
frequencies (%) and compared using the chi-square (y?) test.

Feature selection was performed using the Boruta algorithm (R package Boruta) with
100 random forest runs and a significance threshold of P< 0.01, comparing original
attributes against shadow attributes generated via random permutation. To validate the
linearity assumption for continuous variables, Restricted Cubic Spline (RCS) analysis
with three knots was applied. Notably, the non-linearity test for PCT abnormality times
yielded a P-value of 0.146, supporting its inclusion as a linear continuous variable in the
final model.

A multivariable logistic regression model was constructed based on the selected
predictors, and model coefficients were used to develop a visualized nomogram. To
benchmark its performance, six alternative machine learning algorithms were
implemented, which were Random Forest (RF), Extreme Gradient Boosting (XG Boost),
Neural Network, Naive Bayes, Decision Tree, and Support Vector Machine (SVM).
Hyperparameter tuning was conducted for each model using grid search combined with
5-fold cross-validation. Specifically, we performed grid search for XG Boost and SVM
(testing linear vs. radial basis function kernels), optimized m-¢ry and n-tree for random
forest, tuned the complexity parameter (cp) for decision trees, and adjusted size and
decay for neural networks. Default parameters were retained for naive Bayes with
discretization strategies.

Model performance was rigorously evaluated in the internal validation group.
Discrimination was assessed using the area under the receiver operating characteristic
curve (AUC) with 95% confidence intervals calculated via the DeLong method.
Calibration was evaluated using the Hosmer—Lemeshow goodness-of-fit test and
bootstrap-corrected calibration plots (1,000 resamples). Clinical utility was quantified
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using Decision Curve Analysis (DCA). Additionally, SHapley Additive exPlanations
(SHAP) values were computed based on the XG Boost model to cross-validate predictor
importance rankings and linear contributions from a machine learning perspective. All
statistical analyses were performed using R software (version 4.3.0), and the final
predictive model was deployed as a web-based calculator using the R Shiny framework.

Ethics statement

Due to the retrospective nature of the study and the use of de-identified data, the
requirement for informed consent was waived by both ethics’ committees. All methods
were carried out in accordance with relevant guidelines and regulations.

Results

Patient Characteristics and Baseline Data

A total of 3,631 ICU patients were included in this study, comprising 2,328 males
(64.11%) and 1,303 females (35.89%). The median age was 59 years, with 48.97% of
patients aged >60 years. Regarding comorbidities, the prevalence of hypertension was
35.03%, type 2 diabetes mellitus was 15.29%, and the coexistence of both conditions
was 9.91%. The most frequent admission diagnoses were respiratory system diseases
(68.71%) and brain disorders (33.65%).

For treatment-related variables, the median length of stay (LOS) in the ICU was 15
days (interquartile range [IQR]: 3-305), and 43.10% of patients underwent surgical
intervention. Regarding antimicrobial exposure, 53.59% of patients received antibiotics
for 0—14 days, with 26.96% receiving more than three antibiotics concurrently. Invasive
device utilization was common, with median ventilator days of 4 (IQR: 0-298), median
urinary catheter days of 9 (IQR: 0-302), and median central venous catheter days of 7
(IQR: 0-209). The median frequency of abnormal procalcitonin tests was 1 (IQR: 0-28).
Group comparisons between the training and validation sets were performed using the
Mann—Whitney Utest for continuous variables and the ¥* test for categorical variables.
All variables were well-balanced between the two groups (P> 0.05), except for the
combination application of antibiotics (P= 0.044) (Table 1).
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Table 1. Baseline characteristics of ICU patients in the training and validation groups

Training Validation
Characteristics Total (n=3631) Statistic P value
group(n=2543) group(n=1088)
Gender, n(%)
Female 1303(35.89) 895(35.19) 408(37.50)
Male 2328(64.11) 1648(64.81) 680(62.50) 1.661 0.197
Age Group, n(%) 2.638 0.267
18-44 years old 662(18.23) 462(18.17) 200(18.38)
45-59 years old 1191(32.80) 815(32.05) 376(34.56)
260 years old 1778(48.97) 1266(49.78) 512(47.06)
Mean (SD) 58.28 £15.43
Median (Min: Max) 59 (18:101)
Hypertension, n(%)
No 2359(64.97) 1650(64.88) 709(65.17)
Yes 1272(35.03) 893(35.12) 379(34.83) 0.016 0.901
Type 2 diabetes, n(%)
No 3076(84.71) 2171(85.37) 905(83.18)
Yes 555(15.29) 372(14.63) 183(16.82) 2.659 0.103
Hypertension combined with type 2 diabetes, n(%)
No 3271(90.09) 2303(90.56) 968(88.97)
Yes 360(9.91) 240(9.44) 120(11.03) 1.987 0.159
Admission diagnosis
Brain disorders, n(%)
No 2409(66.35) 1676(65.91) 733(67.37)
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Training Validation
Characteristics Total (n=3631) Statistic P value
group(n=2543) group(n=1088)

Yes 1222(33.65) 867(34.09) 355(32.63) 0.668 0.414
Kidney disease, n(%)

No 2650(72.98) 1855(72.95) 795(73.07)

Yes 981(27.02) 688(27.05) 293(26.93) 0.001 0.971
Liver disorder, n(%)

No 2694(74.19) 1880(73.93) 814(74.82)

Yes 937(25.81) 663(26.07) 274(25.18) 0.269 0.604
Respiratory system disease, n(%)

No 1136(31.29) 799(31.42) 337(30.97)

Yes 2495(68.71) 1744(68.58) 751(69.03) 0.051 0.821
Length of stay in ICU, n(%) 1.521 0.468

2-14 days 1729(47.62) 1216(47.82) 513(47.15)

15-30 days 1368(37.68) 965(37.95) 403(37.04)

534(14.71) 362(14.24)

23] days 172(15.81)

Mean (SD) 18.85(16.49)

Median (Min: Max) 15 (3:305)
Surgical intervention, n(%) 0.489 0.484

No 2066(56.90) 1457(57.29) 609(55.97)

Yes 1565(43.10) 1086(42.71) 479(44.03)
Number of days of antimicrobial use, n(%) 1.642 0.440

0-14 days 1946(53.59) 1375(54.07) 571(52.48)

15-28 days 1151(31.70) 806(31.69) 345(31.71)

>28 days 534(14.71) 362(14.24) 172(15.81)
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Training Validation
Characteristics Total (n=3631) Statistic P value
group(n=2543) group(n=1088)
Mean (SD) 17.24(14.96)
Median (Min: Max) 14(0:223)
Combination application of antibiotics, n(%) 7.553 0.056
< One antibiotic 946(26.05) 693(27.25) 253(23.25)
Two antibiotics 994(27.38) 677(26.62) 317(29.14)
Three antibiotics 712(19.61) 502(19.74) 210(19.30)
More than three antibiotics 979(26.96) 671(26.39) 308(28.31)
Ventilator days, n(%) 0.883 0.643
0-7 days 2419(66.62) 1703(66.97) 716(65.81)
8-14 days 687(18.92) 471(18.52) 216(19.85)
>14 days 525(14.46) 369(14.51) 156(14.34)
Mean (SD) 7.19(11.64)
Median (Min: Max) 4(0:298)
Urinary catheter days, n(%) 5.597 0.061
0-7 days 1608(44.29) 1154(45.38) 454(41.73)
8-14 days 962(26.49) 648(25.48) 314(28.86)
>14 days 1061(29.22) 741(29.14) 320(29.41)
Mean (SD) 13.15(15.11)
Median (Min:Max) 9(0:302)
Central venous catheter (CVC) days, n(%) 1.580 0.454
0-7 days 1848(50.90) 1310(51.51) 538(49.45)
8-14 days 995(27.40) 683(26.86) 312(28.68)
>14 days 788(21.70) 550(21.63) 238(21.88)

Mean (SD)

10.91(13.16)
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Training Validation

Characteristics Total (n=3631) Statistic P value
group(n=2543) group(n=1088)
Median (Min: Max) 7(0:209)
Frequency of Abnormal Procalcitonin Tests, n(%) -0.944 0.345
Mean (SD) 1.74(2.74) 1.71(2.75) 1.80(2.70)
Median (Min: Max) 1(0:28)

*n = number of samples. Continuous variables were presented as median (interquartile range, IQR); categorical variables are presented as n (%).
Group comparisons were performed using the Mann—Whitney Utest for continuous variables and the ¥ test for categorical variables.

P<0.05 was considered statistically significant. All variables were balanced between the training and validation groups (P> 0.05), except for the
combination application of antibiotics (P= 0.044).
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Variable screening and model construction

We used the Boruta algorithm to conduct a full feature screening of all candidate
variables in the original data to determine which variables had statistically significant
explanatory power for the outcome. Based on the ranking, the top predictive factors
(highlighted in green) primarily consist of treatment-related exposures and invasive
device utilization days. Specifically, these include: Ventilator Days (Duration of
mechanical ventilation), Antibiotic Days (Duration of antibiotic therapy), CVC days
(Duration of central venous catheterization), Urinary catheter Days (Duration of urinary
catheterization), LOS (Length of stay in ICU), Combined Antibiotics(Combination of
antibiotic types used), and m-PCR Count(Frequency of abnormal procalcitonin tests)
(Fig 1).

Fig 1. Feature selection using the Boruta algorithm. Variables with importance scores
significantly higher than randomized shadow attributes (green) were retained, while those
without significance(red) were excluded.

Subsequently, univariate and multivariate logistic regression analyses were performed
on the features identified by the Boruta algorithm. Considering the trade-off between
model parsimony and predictive performance, five independent predictors were
ultimately selected and incorporated into the final prediction model: hypertension
combined with type 2 diabetes, combination antibiotic therapy, ventilator days, urinary
catheter days, and frequency of abnormal procalcitonin tests (Table 2). Based on these
predictors, a visualization nomogram was constructed using the training group to
facilitate individualized risk prediction (Fig 2).

Fig 2. Nomogram for predicting MDR infection risk developed using the training
group. The nomogram converts the multivariable logistic regression model into a visual scoring
system. Each predictor corresponds to a point scale (top axis). Total points are summed and
mapped to the bottom axis to estimate the individual probability of developing an MDR infection
during the ICU stay.
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Table 2. Logistic regression analysis of predictive factors for MDRB infection in ICU patients

Number of
Factors . % Crude OR(95%CTI) p-value Adjusted OR(95%CTI) p-value
Infection
Overall 545 15.01 13.86 t0 16.21 N/A N/A(8.60 to 20.51) N/A
Gender 0.002 0.078
Female 163 29.91 1 1
Male 382 70.09 1.37(1.13 to 1.67) 1.21(0.98 to 1.51)
Age Group 0.077 0.611
18-44 years 81 14.86 1 1
45-59 years 188 34.50 1.34(1.02 to 1.78) 1.11(0.81 to 1.51)
1.32(1.01 to 1.72)
260 years 276 50.64 1.09(0.81 to 1.47)
Hypertension 0.032 0.693
No 332 60.92 1 1
Yes 213 39.08 1.23(1.02 to 1.48) 0.95(0.75 to 1.21)
Type 2 diabetes 0.173 0.228
No 451 82.75 1 1
Yes 94 17.25 1.19(0.93 to 1.51) 0.72(0.43 to 1.22)
Hypertension combined with type 2 diabetes 0.002 0.002
No 470 86.24 1 1
Yes 75 13.76 1.57(1.19 to 2.06) 1.69(1.19 to 2.39)
Admission diagnosis
Brain disorders <0.001 0.631
No 301 55.23 1 1
Yes 244 44.77 1.75(1.45 t0 2.10) 1.06(0.84 to 1.32)
Kidney disease 0.133 0.505
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Number of

Factors . % Crude OR(95%CTI) p-value Adjusted OR(95%CTI) p-value
Infection
No 412 75.60 1 1
Yes 133 24.40 0.85(0.69 to 1.05) 1.09(0.85 to 1.39)
Liver disorder 0.479 0.760
No 411 75.41 1 1
Yes 134 24.59 0.93(0.75 to 1.14) 0.96(0.76 to 1.22)
Respiratory system disease <0.001 0.142
No 129 23.67 1 1
Yes 416 76.33 1.56(1.26 to 1.93) 1.20(0.94 to 1.52)
Length of stay in ICU <0.001 0.169
2-14 days 121 22.20 1 1
15-30 days 219 40.18 2.53(2.00 to 3.20) 0.60(0.42 to 1.03)
205 37.61 8.28(6.42 to 10.68)
231 days 0.88(0.45 to 1.72)
Surgical intervention <0.001 0.296
No 262 48.07 1 1
Yes 283 51.93 1.52(1.27 to 1.82) 1.12(0.90 to 1.39)
Number of days of antimicrobial use <0.001 0.083
0-14 days 125 22.94 1 1
15-28days 215 39.45 3.35(2.65 to 4.23) 1.65(1.02 to 2.69)
>28 days 205 37.61 9.08(7.06 to 11.67) 1.25(0.63 to 2.47)
Combination Antibiotic Therapy <0.001 <0.001
< One antibiotic 44 8.07 1 1
Two antibiotics 103 18.90 2.37(1.65 to 3.41) 1.82(1.25 to 2.67)
Three antibiotics 109 20.00 3.71(2.57 to 5.34) 2.31(1.57 to 3.41)
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Number of

Factors . % Crude OR(95%CTI) p-value Adjusted OR(95%CTI) p-value
Infection
More than three antibiotics 289 29.52 8.59(6.16to 11.97) 3.01(2.05 to 4.41)
Ventilator days <0.001 <0.001
0-7 days 171 31.38 1 1
8-14 days 153 28.07 3.77(2.97 to 4.78) 1.61(1.15 to 2.45)
>14 days 221 40.55 9.56(7.57 to 12.06) 2.53(1.65 to 3.89)
Urinary catheter days <0.001 0.002
0-7 days 79 14.50 1 1
8-14 days 130 23.85 3.02(2.26 to 4.05) 1.66(1.12 to 2.45)
>14 days 336 61.65 8.97(6.91 to 11.64) 1.98(1.20 to 3.27)
Central venous catheter (CVC) days <0.001 0.073
0-7 days 109 20.00 1 1
8-14 days 160 29.36 3.06(2.36 to 3.95) 1.35(0.94 to 1.96)
>14 days 276 50.64 8.60(6.74 to 10.96) 1.59(1.01 to 2.51)
Frequency of Abnormal Procalcitonin Tests / / 1.16(1.13 to 1.20) <0.001 1.06(1.03 to 1.09) 0.003
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Model Validation and Performance Evaluation

In the independent validation group (n=1088), the logistic regression model
demonstrated robust discriminatory ability with an AUC of 0.772 (95% CI: 0.733—
0.812), outperforming XG Boost (AUC=0.763, 95%CI: 0.723-0.803) and Random
Forest (AUC=0.703, 95%CI: 0.658-0.748) (Fig 3). Using the Youden index, the optimal
cutoff value was determined to be 0.2176, yielding a sensitivity of 60.7% and specificity
of 80.2%. Patients were stratified into low-risk (<10%), medium-risk (10%—-30%), and
high-risk (>30%) groups, with actual MDR infection rates of 5.99%, 15.29%, and
42.78%, respectively. Notably, the model achieved a high Negative Predictive Value
(NPV) of 92.1%. The performance comparison of the tuned logistic regression model
against six alternative machine learning algorithms is summarized in Table 3.

Fig 3. ROC curve of the prediction model for the validation Group. Receiver
Operating Characteristic (ROC) curve. The area under the curve (AUC) was 0.772 (95% CI:
0.733-0.812), indicating moderate discriminative ability. The dashed line represents the
performance of a random classifier.

To wvisually compare the discriminative abilities, the Receiver Operating
Characteristic (ROC) curves of all seven models are presented in Fig 4. As shown in this
figure, the tuned Logistic Regression model demonstrated comparable discriminatory
power to the top-performing XG Boost and Neural Network models, with all three
models achieving an AUC above 0.76. In contrast, the Support Vector Machine
exhibited the poorest performance.

Fig 4. ROC curves of the seven tuned machine learning models for predicting
MDR infection. The ROC curves compare the performance of XG Boost (red), Decision Tree
(yellow), Logistic Regression (light green), Naive Bayes (dark green), Neural Network (cyan),
Random Forest (purple), and Support Vector Machine (pink) in predicting multidrug-resistant
(MDR) infections. The area under the curve (AUC) reflects the discriminatory ability of each
model, with curves closer to the top-left corner indicating better performance. The diagonal
dashed line represents a random classifier with an AUC of 0.5.

The model calibration was excellent, as evidenced by the Hosmer-Lemeshow test
(X?=1.94, P=0.9829) and the close alignment of the calibration curve with the ideal line
(Fig 5). Five-fold cross-validation yielded an average AUC of 0.78+0.03, consistent with
the independent validation results. Bootstrap resampling (1000 iterations) revealed a
minimal optimism of 0.005, indicating negligible overfitting. Sensitivity analysis using
different random seeds (123, 456, 999) showed minimal AUC fluctuation (0.763-0.787),
confirming the model's stability.

Fig 5. Calibration plot of the prediction model in the validation group. Apparent:
The apparent calibration curve, representing the raw predictions of the model. Bias-corrected:
The bias-corrected calibration curve, indicating the model's performance after calibration. Ideal:
The ideal calibration line, where the predicted probability perfectly matches the actual incidence.
C.L.: Confidence Limits (or Confidence Interval), showing the range of uncertainty around the
bias-corrected estimate.
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Table 3. Performance evaluation metrics of various tuned models for predicting MDR infection

AUC 95% Precision Sensitivity Specificity Accuracy F1 G- Brier

Models (Tuned) AUC Pvalue Cutoff Value
CI (%) (%) (%) (%) Score  mean Score
Logistic Regression  0.772 0.732-0.811 <0.001 0.218 35.1 60.7 80.2 77.3 0.445  0.698 0.108
Neural Network 0.768 0.728-0.808  <0.001 0.168 35.0 63.8 79.1 76.8 0452  0.711 0.109
XGBoost 0.767 0.726-0.807  <0.001 0.233 37.2 57.7 82.8 79.0 0.452  0.691 0.110
Naive Bayes 0.740 0.694-0.787  <0.001 0.097 30.8 68.7 72.8 72.2 0.425  0.707 0.164
Decision Tree 0.724 0.682-0.767  <0.001 0.085 29.6 67.5 71.7 71.0 0.411  0.695 0.114
Random Forest 0.709 0.666-0.753  <0.001 0.001 27.2 66.9 68.4 68.2 0.387  0.676 0.128

Support Vector

0.669 0.621-0.717  <0.001 0.138 35.8 423 86.6 80.0 0.388  0.605 0.117

Machine
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Model interpretation and clinical translation

To further elucidate the contribution of predictors and assess clinical applicability, we
integrated model interpretation, decision curve analysis (DCA), and online tool
development.

Model interpretability.

SHapley Additive exPlanations (SHAP) analysis was performed based on the XG
Boost model to validate predictor importance from a machine learning perspective. Both
the SHAP summary plot (Fig 6) and bees warm plot (Fig 7) identified duration of
mechanical ventilation, antibiotic usage patterns, and urinary catheter days as the top
contributors to model predictions. Importantly, the directionality and ranking of these
variables were consistent with the Wald y? statistics derived from the logistic regression
model, confirming the robustness of the selected predictors across classical statistics and
machine learning frameworks.

Fig 6. SHAP variable importance plot. Mean absolute SHAP values indicate the relative
contribution of each predictor to the model output.

Fig 7. SHAP bees warm plot. Distribution of SHAP values showing the directional effect
of predictors on MDR infection risk.

Clinical utility.

Decision Curve Analysis (DCA) was conducted to quantify the clinical benefit of the
model (Fig 8). Across a wide range of threshold probabilities (0%—40%), the model
yielded a higher net benefit than the “treat all” and “treat none” strategies, suggesting
that its application in clinical decision-making would provide meaningful risk
stratification without unnecessary intervention.

Fig 8. Decision curve analysis (DCA) of the predictive model. The blue solid line
represents the net benefit of the proposed model. The red dashed line represents the "treat all"
strategy, and the gray dashed line represents the "treat none" strategy. The model demonstrates
superior clinical utility by providing a higher net benefit than both extreme strategies within the
0%—40% threshold probability range.

Online calculator deployment.

To facilitate bedside implementation, an interactive web-based calculator was
developed using the R  Shiny framework and deployed online
(https://dongfangshao666.shinyapps.io/MDR _shiny2/). As shown in Fig 9, the interface
consists of an input panel (left) for clinicians to enter five key predictors, hypertension
combined with diabetes, antibiotic types, ventilator days, urinary catheter days, and PCT
abnormality frequency, and an output panel (right) that dynamically generates
individualized risk  probabilities, nomogram visualizations, and clinical
recommendations. This tool enables real-time risk stratification and supports
antimicrobial stewardship at the point of care.

Fig 9. User interface of the R Shiny-based web application for real-time risk
stratification for multidrug-resistant infections among ICU patients. Screenshot of
the interactive MDR risk calculator deployed via R Shiny. Input interface (left panel) for five
key predictors: hypertension combined with diabetes, antibiotic types, ventilator days, urinary
catheter days, and PCT abnormality times. Output display (right panel) showing the individual
risk probability, nomogram visualization, and corresponding clinical recommendations for
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bedside decision support.

Discussion

Infections caused by multidrug-resistant bacteria in ICUs have become one of the
most serious challenges facing global public health [12,13]. Due to the lack of effective
antimicrobial agents, clinical treatment often faces significant challenges. This crisis of
the “post-antibiotic era” is particularly acute in ICU settings, making early warning of
MDR infections not merely a clinical issue, but a central concern for hospital infection
control and antimicrobial stewardship [14,15].

In this study, we developed a dynamic risk prediction model using the Boruta
algorithm and multivariate logistic regression. We identified five independent predictors:
hypertension complicated by type 2 diabetes, concurrent antibiotic count, ventilator days,
urinary catheterization duration, and the frequency of abnormal procalcitonin (PCT)
readings. These factors reflect the dual nature of MDR risk, originating from both the
host's underlying pathophysiology and iatrogenic exposures within the ICU environment.

Our findings align with the current consensus that prolonged invasive device use is a
primary driver of MDR acquisition [16]. Much evidence suggests that the occurrence of
MDR infections results from the interaction between the host’s underlying pathological
condition and specific medical exposures within the ICU. In particular, the duration of
invasive procedures is widely recognized as one of the most important modifiable risk
factors for MDR infections [17]. In this study, both the duration of ventilator use, and
the duration of urinary catheterization were included in the final model and were
associated with high odds ratios, further confirming that reducing the duration of use of
these devices is a critical component of infection control. Additionally, this study
revealed that combination therapy involving three or more antibiotics serves as an
independent risk factor for resistance. This underscores that overly aggressive broad-
spectrum empiricism, a key target for antimicrobial stewardship, can exert selective
pressure favoring resistant organisms. Notably, the inclusion of the number of PCT
abnormalities, rather than a single static measurement, highlights the value of dynamic
monitoring in capturing the evolving risk profile of critically ill patients.

Furthermore, our results challenge the prevailing trend of pursuing algorithmic
complexity. While machine learning models like XG Boost (AUC =0.763) and Random
Forest (0.703) were evaluated, the classical logistic regression model (AUC = 0.772)
demonstrated superior or comparable performance. This result offers important
methodological insights and suggests that in clinical prediction, "more complex" does
not equate to "better". Model parsimony and transparency are often more valuable for
end-users. [18-20]. In addition, this study incorporated SHAP analysis, which not only
validated the ranking of variable importance but also addressed the interpretability
limitations of traditional statistical models, thereby enhancing the credibility of the
results [21,22]. This not only validated the variable importance ranking but also provided
a granular interpretation of feature contributions, bridging the gap between statistical
inference and clinical intuition [23].

The ultimate utility of a predictive model lies in its integration into clinical workflow.
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Many previous models have remained at the stage of statistical charts, making it difficult
to integrate them into clinical workflows [24-26]. We deployed our model as a web-
based calculator via the R Shiny framework. This tool translates five routine indicators
into real-time, personalized risk stratifications (low, moderate, high). This tool can
effectively support clinical decision-making. For low-risk patients, it helps avoid
unnecessary escalation to broad-spectrum antibiotics or excessive isolation. For high-
risk patients (risk probability > 30%), it prompts early implementation of contact
isolation, increased microbiological testing, or adjustments to empirical antibiotic
therapy. This precision intervention strategy based on risk stratification helps optimize
the use of healthcare resources while achieving infection control.

Limitations

Several limitations should be acknowledged. First, the single-center retrospective
design, although mitigated by rigorous internal validation, necessitates external
validation across diverse healthcare settings. Second, while our MDR definition relied
on standardized in vitro susceptibility testing (non-susceptibility to >3 antimicrobial
classes), it did not differentiate between specific bacterial species or resistance
phenotypes, potentially limiting pathogen-specific risk stratification. Finally,
unmeasured confounders, including healthcare worker hand hygiene adherence and
environmental contamination levels, were not included, which may have attenuated the
model’s ability to capture the full spectrum of transmission-related risks.

Conclusion

This study successfully developed a risk prediction model for multidrug-resistant
bacterial infections in adult ICU patients. Based on readily available routine indicators,
the model demonstrated robust predictive performance and clinical interpretability. The
accompanying web-based calculator provides clinicians with a practical
decision-support tool, facilitating the early identification of high-risk patients and
enabling timely antimicrobial stewardship and infection control interventions.
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